Abstract. Previous works on breast tissue identification and abnormalities detection notice that the feature extraction process is affected if the region processed is not well focused. Thereby, it is important to split the mammogram into interesting regions to achieve optimal breast parenchyma measurements, breast registration or to put into focus a technique when we search for abnormalities. In this paper, we review most of the relevant work that has been presented from 80's to nowadays. Secondly, an automated technique for segmenting a digital mammogram into breast region and background, with pectoral muscle suppression is presented.
Introduction
Worldwide, more than 700,000 women die of breast cancer annually and it is estimated that eight to twelve percent of women will develop breast cancer in their lifetime.
Every effort directed to improve early detection is needed. Therefore, many computer vision techniques applied to analysis of digital mammograms have been proposed. Most of them require an initial processing step that splits the image into interesting areas, such as the breast region, background and patient markings. For example, it is well known that information derived from mammographic parenchyma patterns provides one of the most robust signs of risk of developing breast cancer. The largest breast region to be processed, the more accurate the classification of tissue will be. Moreover, the segmentation method should be robust enough to handle a wide range of mammographic images obtained from different image acquisition systems.
This work is part of a larger project called HRIMAC based on the analysis of mammographic images following two different approaches: 1)A Computed Aided Detection platform, which processes the mammograms as a second reader looking for abnormalities using BI-RADS [1] classification, and 2)A featured Computer Aided Diagnosis, which works as a Content Based Image Retrieval System (CBIR). We provide a case with mammogram and personal data and the system retrieves a set of similar cases from the database. This result tries to be a new information source to support radiologist diagnose. In both features, the automatic breast segmentation into background and breast region without artifacts (directly exposed area, the patient identification information and lead markers), is a key objective to provide useful data to the computerized analysis.
In this paper, we will present some of these techniques following this classification: Histogram, Gradient, Polynomial Modelling and Classifier approaches. In section 2.1, we propose an automated method to segment the digital mammogram into breast region and background with a new pectoral muscle suppression technique. Finally experimental and summary conclusions will be presented.
Works on Breast Region Segmentation
The breast gross-segmentation have been treated widely. Table 1 shows the tendencies and distribution of methods from the firsts works to recent approaches. -Histogram based techniques. Probably one of the first attempts to separate the breast region was presented by Hoyer et al [2] and it was done using simple histogram thresholding. The works of Lau et al [3] , as well as Yin et al [5] , and Byng et al [7] used a simple thresholding to segment the breast from the background. The work of Bick et al [6] presents a combination of local thresholding, region growing and morphological filtering. Hein et al [8] propose their own global histogram thresholding, while Masek et al [4] proposed a local thresholding method. -Gradient based techniques. Breast region extraction techniques based on gradient have long been in use, since the early work of Semmlow et al [9] , who by means of spatial filters and a Sobel edge detector obtains the breast boundary. Similarly, Méndez et al [10] use a two-level histogram threshold to obtain the breast region and oriented upwards, the region is then divided into three parts to track the boundary using the gradient. An evaluation of the quality of the segmentation is provided using the "accurate" or "near accurate" labels. They compare successfully their results to the work presented by Yin et al [5] . The work presented by Karssemeijer et al [14] takes advantage of a multiresolution scheme, processing in low-res and extrapolating the result. Using a global thresholding technique they obtain a preliminary region, which is processed using a 3x3 Sobel operator, and the pectoral muscle position is estimated via Hough transform. Abdel-Mottaleb et al [12] provide an scheme based on different thresholds to find the breast edge. Using the gradient of two images and its union they obtain a possible breast contour. They found the boundary in 98% of the 500 images tested. The segmentation presented by Morton et al [13] was another gradient based method. After subtracting the background via an initial threshold, an edge was found by a line-by-line gradient analysis. Zhou et al [11] presented an improvement of this last approach.
-Polynomial Modelling based techniques. An early method proposed by
Stomatakis et al [15] was not a strict polynomial modelling. By means of an image preprocessing technique to enhance the response of non-dark pixels, a noise reduction process and a histogram threshold, they obtain the breast region, but the boundary is smoothed using Cubic B-splines and samples at fixed pixel intervals are extracted. Then a smooth curve is generated through cubic polynomial calculations. One of the firsts, effective and real polynomial modelling was presented by Chandrasekhar and Attikiouzel [16] . An initial threshold is used to approximate the breast region. Their method provides around 94% acceptable results from 300 images from MIAS [27] mammogram database. A quadratic/cubic polynomial fitting method was proposed by Goodsitt et al [17] which is fitted by translation and rotation the axes. -Active Contours based techniques. One of the firsts applications of the active contours on breast segmentation was presented by Ojala et al [18] .
McLoughlin et al [20] . They apply a global threshold to obtain an initial result. They statistically model the breast with the pixels inside the region and a snake algorithm is applied to obtain the final boundary. On the other hand, Ferrari et al [19] propose a method that firstly enhances the image with a logarithmic transformation, and then an iterative technique (as the Lloyd-Max least-squares) is applied to find and optimal threshold. Finally, they use a B-Spline to approximate the boundary. Recently, Wirth et al [21] propose an active contour to segment the breast. The method obtains two preliminary regions using a convolution matrix to enhance the edges and a dual threshold obtained by different techniques. They obtain the control point for the snake with the comparison of the two regions. They evaluate the method over the MIAS database. -Classifiers based techniques. Lou et al [22] , used a clustering approach to obtain an initial region, estimates the real boundary extrapolating and linking those detected points. Saha et al [23] use a scale-based fuzzy connectedness algorithm. Rickard et al [24] presents Self-organizing map, a type of unsupervised artificial neural network model. The method applied by Wirth et al [25] was a fuzzy segmentation and evaluates the results in terms of completeness and correctness comparing the images from the MIAS database with a gold standard manually generated. Recently, Tromans et al [26] , use a mixture model to obtain a mathematical representation of the image background and the compressed parameters, combined with a Fourier model, using an Expectation Maximization algorithm.
Summarizing, the traditional histogram based method has provided good and quick results. This quality sometimes turns on weakness in difficult cases where can be enhanced with local histogram or gradient approaches. The polynomial modelling and active contours provide very good results with accurate profiles. Figure 1 shows a visual scheme of the proposed method. To achieve the segmentation we propose a "two-phase" based method. It combines an adaptive Histogram approach to separate the breast from the background (Phase A), and a selective region growing algorithm to obtain pectoral muscle suppression (Phase B). Phase A. Breast Segmentation Figure 1 shows the steps followed from the original mammogram to obtain the breast mask. A global histogram is calculated and smoothed with a gaussian operator. N consecutive percentage of bright pixels are tested to obtain N thresholds (ie. 10%, 15%, 20% that in grey level means 220, 210, 200). Each value is used in order to threshold the image and obtain masks which are overlapped. The region defined by the boundary of the smallest threshold to the boundary of the largest one is statistically evaluated to calculate the mean of the grey level which is used as our final threshold value. The result of applying this threshold is a collection of different regions. The largest one is the union of the breast and the pectoral muscle. We extract this largest region using a Connected Component Labelling algorithm [28] . In Figure 1 , the region of interest of the breast has been extracted from the pectoral muscle using the region growing algorithm described above. In the following section we introduce a new method to detect the pectoral muscle using a selective region growing approach.
Our Method

Phase B. Extracting the Pectoral Muscle
This operation is important in mediolateral oblique view (MLO), where the pectoral muscle, slightly brighter compared to the rest of the breast tissue, can appear in the mammogram.
Previous work related to pectoral muscle suppression used Hough Transform [14, 29] , assuming that the boundary between the pectoral muscle and the breast can be approximated by a straight line. Other related works are the one of Yam et al [30] whose work introduces a curvature component to the Hough estimation and the work presented by Ferrari et al [31] who propose a polynomial modelling of the pectoral muscle. The method we propose is inspired in the proposal of Georgsson [32] and in summary it follows the three steps:
1. Breast localisation and orientation. To classify the mammogram as right or left breast, we compare both sides of the breast profile, and using the curvature detected in each one, it is straightforward to determine the orientation. 2. Region growing intensity threshold estimation (RG). Once the orientation is known, a seed is placed inside the pectoral muscle (the first pixel of the non-curved side). A statistical region growing algorithm (RG) grows from this seed to fill the whole region of the pectoral muscle. A size restriction has been applied to avoid a wrong growing. When the limit of growing is exceeded, the growing criteria is corrected. This correction is estimated from the histogram of the previous region grown, progressively decreasing the initial value of the growing criteria. Then the RG is restarted as shown in Figure 2 . If a correct growing is not found in finite steps, the initial mask is provided as a result and the no existence of pectoral muscle is assumed. 3. Boundary refinement. Finally, the pectoral muscle is suppressed from the breast region, and a morphological operator is applied to refine the boundary. 
Experimental Results
We have used the public database MiniMIAS [33] to test our method. It is a reduced version of the original MIAS Database (digitized at 50 micron pixel edge) that has been reduced to 200 micron pixel edge and clipped or padded so that every image is 1024x1024 pixels. Figure 3 shows three representative results. We have tested over 320 images, and we have obtained a 98% of "near accurate" results, which include the "accurate" results. About the muscle substraction, we have obtained a 86% of good extractions. Those results are obtained from a visual inspection of the images carried out by experienced radiologists and technicians trained with those kind of images. We should notice that some of them are a little bit over or under segmented. The behavior of the method shows an over-segmentation of the breast in cases with dense tissue, where the contrast between the muscle and the tissue is fuzzy. In that cases, our method rejects the muscle detection and provides the region obtained without suppressing the muscle as a final result. A possible solution could be to impose shape restrictions to the growing process. To summarize, the results obtained by the method show that it is a robust approach but it can be improved in terms of accuracy. Even so, we accept this method because it provides useful regions (there is no meaningful loss of information).
Conclusions and Further Work
The literature survey will be a useful resource for others researching in this area. A new method to segment the breast with pectoral muscle suppression has been presented. The results obtained over MiniMIAS database have shown a general good behavior. In this sense we will focus our efforts to enhance the method as we consider that is important to take some shape features into account to deal with the more accurate pectoral muscle suppression. The results have shown that problems with the image acquisition, background noise, artifacts and scratches could all influence the reliability of the algorithm.
(a) (b) (c) (d) Fig. 3 . An example of the performance of the presented approach on the segmentation of the profile of four different breasts.
